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Abstract
Hyperspectral unmixing is one of the crucial steps for many hyperspectral applications. The problem
of hyperspectral unmixing has proven to be a difficult task in unsupervised work settings where the
endmembers and abundances are both unknown. What is more, this task becomes more challenging
in the case that the spectral bands are degraded with noise. This paper presents a robust model for
unsupervised hyperspectral unmixing. Specifically, our model is developed with the correntropy based
metric where the non-negative constraints on both endmembers and abundances are imposed to keep
physical significance. In addition, a sparsity prior is explicitly formulated to constrain the distribution
of the abundances of each endmember. To solve our model, a half-quadratic optimization technique is
developed to convert the original complex optimization problem into an iteratively re-weighted NMF
with sparsity constraints. As a result, the optimization of our model can adaptively assign small weights
to noisy bands and give more emphasis on noise-free bands. In addition, with sparsity constraints, our
model can naturally generate sparse abundances. Experiments on synthetic and real data demonstrate
the effectiveness of our model in comparison to the related state-of-the-art unmixing models.
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2I. INTRODUCTION
Hyperspectral remote sensing has wide applications since it provides digital images in many
contiguous and very narrow spectral bands. However, due to the low spatial resolution of
hyperspectral sensor, microscopic material mixing, and multiple scattering, spectra measured by
hyperspectral sensor are likely to be mixed by several materials [1], [2], [3]. Accordingly, mixture
spectra present a challenge to hyperspectral image analysis because their spectral signatures
do not correspond to any single well-defined material [1]. Thus, hyperspectral unmixing is
a significant step for hyperspectral image analysis. The task of hyperspectral unmixing is to
separate the mixed pixel spectra from a hyperspectral image into a collection of constituent
spectra, called endmembers and a set of corresponding fractions, called abundances [1].
In general, there are two kinds of spectral unmixing model: linear and nonlinear. Linear
mixing model (LMM) is the most popular model for hyperspectral unmixing. It assumes that the
spectrum of a given pixel is a linear combination of the endmembers [1], [3]. Due to its practical
advantages, there are a lot of unmixing models proposed based on LMM [4], [5], [6], [7], [8],
[9], [10], [11]. Conversely, nonlinear unmixing model [3], [12], [13] describes mixed spectra
by assuming that the observed pixel is generated from a nonlinear function of the abundance
associated with the endmembers.
In literature, conventional algorithms for hyperspectral unmixing involve two steps: endmember
extraction and mixed-pixel decomposition. For endmember extraction, a majority of algorithms
have been designed under the pure pixel assumption [14], [15], [16], [17], [18]. N-FINDR [14]
and Vertex component analysis (VCA) [17] are two typical this kind of algorithms. N-FINDR
[14] aims at looking for the pure pixels in the hyperspectral data that determine the maximum
volume. VCA [17] considers that the endmembers are the vertices of a simplex and extracts
the endmembers iteratively by projecting the data onto the direction which is orthogonal to the
subspace spanned by the already extracted endmembers. All these algorithms assume the presence
of pure pixels for each endmember in the original hyperspectral data. Once the endmembers have
been identified, the corresponding abundances can be estimated by solving a constrained least
square problem. The constraints include the non-negativity constraint, the sum-to-one constraint,
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3and so on [4], [19].
Since the assumption of pure pixel presence is usually unreliable, a number of blind source
separation algorithms have been proposed to obtain the endmembers and the abundances simul-
taneously [20], [5], [21], [9], [11]. Among these algorithms, non-negative matrix factroization
(NMF) shows significant potential for hyperspectral unmixing [8], [5], [11], [6]. NMF decom-
poses a non-negative hyperspectral data matrix into the product of two non-negative matrices,
which are the endmembers and the abundances respectively. NMF has two main advantages for
hyperspectral unmixing. First, the non-negative constraint on both endmembers and abundances
is physically consistent with the mixing pixels in real world. Second, NMF usually provides
a parts-based representation of the data, making the decomposition matrices more intuitive
and interpretable [22], [23]. There are several extension models based on NMF proposed in
hyperspectral unmixing literature [8], [5], [9], [11], [7]. Specifically, in [5], the authors introduce
the piecewise smoothness of spectral data and sparseness of abundance fraction to NMF. In
[7], the authors extend the NMF method by incorporating the �1/2 sparsity constraint. These
algorithms, however, take no account of the noise in each band in the hyerspectral data. Actually,
in hyperspectral images, due to the distinctive properties of the hyperspectral sensor in each
wavelengths, the noise intensity in different bands is different. Thus, these algorithms may fail
to obtain the accurate endmembers and abundances.
Practically, due to the variations in atmospheric conditions and the properties of the hyper-
spectral sensor in each wavelengths, the noisy bands commonly exist in hyperspectral data [24].
Furthermore, the noise level differs from band to band (as can be seen from Fig. 4). Naturally,
the intuitive motivation of this paper is that the bands which have high-noise-intensity should
have small contributions for hyperspectral unmixing. This observation motivates us to propose
a robust unmixing algorithm based on correntropy based metric [25], [26] to take into account
the noise of each band. It can adaptively and automatically assign small weights to noisy bands.
Thus, the proposed algorithm is much more insensitive to noisy bands.
The main contributions of this paper are highlighted as follows:
1) A robust hyperspectral unmixing model is proposed based on the correntropy along with
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